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Abstract 
The cognitive, behavior heuristics-based pedestrian model was presented to investigate the collective dynamics of 
pedestrian system with large number of interacting individuals. Based on representation of perceptual information, 
we study the effect of speed and density on pedestrian walking behavior. Then, simple behavior heuristics of 
pedestrian motion was proposed to study the pedestrian adapted walking behavior to the destination. Subsequently, 
the microscopic simulation was executed, by which the emergence of complex crowd behavior is reproduced, such as 
lane formation and fundamental diagram was compared with the existing studies.  The results show that the curve of 
the average crowd speed against the density is qualitatively consistent with the reported results at least in the low and 
intermediate density range.    
 
© 2012 Published by Elsevier Ltd. Selection and peer-review under responsibility of Beijing Jiaotong 
University (BJU) and Systems Engineering Society of China (SESC).  
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1. Introduction 
The modeling of pedestrian motion has been studied in the physics literature. There have been many 
recent models of pedestrian traffic dynamics developed to uncover laws underlying crowd dynamics. 
Well-known examples are hydrodynamic models (Hughes, 2002), social force models (Helbing, 1995, 
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2000), magnetic force model (Okazaki, 1979). Although physics-inspired models are able to reproduce 
some of the observations quite well, it is becoming increasingly difficult to capture the complete range of 
crowd behaviors in one single model (Moussaïd, 2011). Cellular automata have been successful in the 
context of traffic simulation. However, it is also appealing to model pedestrian behavior and has been 
adopted by several researchers (Blue and Adler, 1998; Burstedde, 2001; Yu, 2007), the fixed regularity of 
a static discretization of the space and the homogeneity of the rules is not appropriate to model a more 
flexible situation. Related to pedestrian dynamics, there have been studies on crowd collective 
intelligence based on space syntax theory (Turner, 2002; Penn, 2002), lattice gas model (Muramatsu and 
Nagatani, 1999; Jiang, 2007), the multi-layer utility maximization model (Daamen, 2003; Hoogendoorn, 
2005), and cognitive science approaches (Fridman, 2007; Moussaïd, 2011). 
The objective of this paper is to study the collective dynamics of pedestrian system with large number 
of interacting individuals. We are mainly interested in the non-linear interactions of pedestrian individuals, 
heterogeneity, and self-organization phenomena in normal situations, such as lane formation, stripe 
formation and the evolution of oscillations. However, in the existing models, issues of perception, 
anticipation, and communication have not been sufficiently studied to understand perceptual information 
process and other kinds of cognitive behaviors (Helbing, 2010). In particular, pedestrians walk in an ever 
changing environment, interacting locally with their surrounding condition and with other pedestrians. 
Understanding pedestrian dynamics through cognitive heuristics is therefore a promising new approach. 
Due to the mentioned reason, our work is motivated by the following questions, which confront in the 
elaboration of a cognitive model of pedestrian behavior (Moussaïd, 2011). First, what kind of information 
is used by the pedestrian? Second, how is this information processed to adapt the walking behavior?  
In order to answer these questions, we study pedestrian dynamics based on a behavior heuristics 
approach instead of a set of complicated mathematic equations, which is derived from cognitive science. 
We start with the effect of speed and density on pedestrian walking behavior. We study this effect with 
the representation of perceptual information. We formulate the direction and step size of a pedestrian 
moving within the cognitive heuristics. We are mainly interested in studying a highly dynamic process 
results from the non-linear local interaction between individuals, and the emerging complex phenomena 
form simple heuristics behaviors. Our study is based on computer simulation. 
The paper is organized as follows. Section 2 describes the pedestrian models based on behavior 
heuristics. Section 3 presents the simulation results of the proposed models, and compares fundamental 
diagram with the existing studies. Section 4 gives the conclusion of the work. 
2. Model 
2.1.  Representation of perceptual information 
The pedestrian model used to study pedestrian dynamics is described in this section. In our model, a 
pedestrian i is an autonomous agent characterized by the following kinematic variables: poison xi=(xi, yi), 
walking speed and orientation vi=(vi,și). For simplicity, the projection of a pedestrian’s body on horizontal 
plane by a circle of radius ri=mi/160 is represent, where mi is the mass of pedestrian (Moussaïd, 2011). In 
addition, each pedestrian is characterized by its desired walking speed vdes and destination point D. 
Regarding representation aspects, the microscopic pedestrian state S is defined as the tuple expressed 
in Eq. (1):  
Pi(t)=(x, v, Ȧ, vdes, D, t)i     i=1,2,…,N                                       (1) 
where N is the total pedestrians number within the corridor or other kinds of places. t is simulated time, 
can be discrete or continuous. Ȧ is the included angle between a pedestrian current heading and its 
573 Qi Xu et al. /  Procedia - Social and Behavioral Sciences  43 ( 2012 )  571 – 578 
destination point D. We assume that pedestrians are continuously updating their current state to match 
their desired behaviour with a relaxation time Ĳ of 0.5 seconds. 
All autonomous agent models attempt to provide cognition capabilities that always directly connected 
with the concept of visual field. Important studies have shown that vision is the main source of 
information used by pedestrians to control their motion (Gibson, 1958; Batty, 1997; Turner, 2002). In our 
context, a pedestrian agent is capable of perceiving different nature of external information, including the 
pedestrian amount and speed of area surrounding the pedestrian. External information is acquired through 
an individual-specific and discretization vision field. With respect to the direction, a discretization into 8 
radial directions is used, as illustrated in Fig. 1, where the angular amplitudes of the radial cones are 
reported in degrees. 
 
 
Note: The vision field of pedestrian i ranges to the left and to the right by ĳ, namely 2ĳ is radius angle of pedestrian’s 
vision filed. Hi is radius length of pedestrian’s vision field. 
Fig. 1. Vision field of a pedestrian agent   
Past studies have shown that walking subjects can estimate the time to collision with surrounding 
obstacles (Schrater, 2000). Moreover, the time to collision is transferred to mental distance to collision 
due to specialized neural mechanisms processing of data about external conditions. Accordingly, for the 
k-th possible direction Įk, the mental distance to the first collision dmental(Įk) is computed by: 
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where dphysical(Įk) is the physical distance to the first collision. Ȝk is mental index. If pedestrian i moved in 
direction Įk at speed v, ׋k represents pedestrians intention of maximizing mobility, which inspired from 
the concept of magnetic flux. It takes into account the comprehensive effects of density ı and other 
pedestrian’s average speed vavg on the current pedestrian direction choosing. If no collision is expected to 
occur in direction Įk, the mental distance dmental(Įk) is set equally to a default maximum value dmax, which 
represents the maximum visual range of pedestrian i.    
2.2. Formulation of the cognitive heuristics 
Cognitive heuristics focus on situations in which human need to act fast. In condition of overcrowding, 
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pedestrians rarely concern for utilities or multiple goals, which prevent logic or probability theory from 
finding the optimal solution. In such a case, heuristics, as fast and simple cognitive procedures, are often 
used to exploit complex evolved capacities under environment in which information search is 
intractability or time-consuming (Gigerenzer, 1999, 2008).  
The first pedestrian movement heuristics concerns the walking direction Į compared to walking 
heading. Empirical evidence suggests that pedestrians seek an unobstructed walking direction, but dislike 
deviating too much from the direct path to their destination (Batty, 1997; Turner, 2002). In reality, 
pedestrians adapt their behavior to choose the more direct and fluent walking route to the destination. A 
tradeoff therefore has to be found between choosing the most fluent route and minimizing detours from 
the most direct route. Accordingly, using concepts inspired from Fluency Heuristic (Schooler, 2005; 
Gigerenzer, 2008), our first heuristics is: “A pedestrian chooses the direction Į that allow the most 
probable maximum mobility path to destination point D, taking in to account the presence of other 
pedestrians and obstacles.” The chosen direction Į(t) is computed through the minimization of the 
distance d(Į) to the destination point D, as shown in Eq. (5).  
2 2 2 2
max max( ) ( ) 2 ( ) cos( )mental mentald d d d dD D D Z D                 (5) 
The second pedestrian behavior heuristic determines the desired walking step size v(t), which  based 
on Imitate the Majority Heuristic (Gigerenzer, 2008). Pedestrian motion occurs in an ever changing 
environment, which other pedestrians walking behavior will influence each other. Moreover, a time 
period is required for the pedestrian to stop in the case of an unexpected obstacle, pedestrians should 
compensate for this delay by keeping a safe distance (Older, 1968). Therefore, we formulate the second 
heuristic as follows: “A pedestrian adjusts the walking step size v(t) that imitate the other peer group 
behavior while maintains a distance from the first obstacle in the chosen walking direction.” The change 
in the walking step size v(t) at time t under normal walking situations is given by Eq. (6): 
( ) min( , , / )des avg headingv t v v d W                                                       (6) 
where dheading is the distance between pedestrian i and the first obstacle in the desired direction Į at time t.  
3. Simulation result 
Micro-motives results in macro-behavior. Complex collective dynamics of pedestrian motion can often 
emerge from the combination of simple behavior heuristics. In this section, we carry out the simulations 
to investigate the model exploration in a collective context. The results of the simulation are presented as 
the collective patterns of pedestrian motion and fundamental diagram. In the simulations, periodic 
boundary condition is used, and the parameters are set as follows: mi obeys normal distribution with mean 
70 and variance 5. vdes obeys normal distribution with mean 1.5 and variance 0.2. 2ĳ=120e, Hi=1.0 m, 
the width of corridor W=5.0 m, the length of corridor L=10.0 m unless otherwise mentioned. 
3.1. Collective patterns of motion 
First, we study pedestrian bidirectional traffic in counter flow. Assuming random initial positions, we 
find that pedestrian flow separate spontaneously after a short simulated time. The lane formation 
phenomenon is reproduced, as illustrated in Fig. 2, which is a typical characteristic feature of complex, 
self-organizing pedestrian system. It is found that, as the line of sight Hi increases from 0.6m to 0.9m, the 
number of lane decreases.      
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Fig. 2 Lane formation observed in counter flow at different the line of sight Hi, where the total moving pedestrians are 80, 
the radius angle of pedestrian vision filed 2 ĳ is 120, (a) The line of sight Hi is 0.6 m. (b) The line of sight Hi is 0.9 m 
           
Fig. 3 Lane formation observed in counter flow at different the line of sight Hi, where the total moving pedestrians are 120, 
the radius angle of pedestrian vision filed 2ĳ is 120, (a) The line of sight Hi is 0.6m. (b) The line of sight Hi is 0.9m 
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Fig. 4. Scatter graph of the average crowd speed against the density. Results are normalized in terms of number of 
pedestrians in the simulation N per square meter, represented in the X-Axis, and meter per second, represented in the Y-Axis 
 
We also study lane formation phenomenon in our model at higher destiny. Fig. 3 illustrates the similar 
results. Both figures indicated that the clear decrease of lane number due to the increase of the length of 
pedestrian vision field.  Such lane number decrease may be explained as below: The most relevant factor 
for the lane formation phenomenon is the higher relative velocity of pedestrians walking in opposite 
directions (Helbing, 2010). When pedestrian agent have far-seeing vision field, more other pedestrian are 
involved. The higher velocity of pedestrians makes oppositely moving pedestrians segregated into 
separate lanes.  
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3.2. Fundamental diagram 
Next, we investigate the fundamental diagram in our model, where the number of pedestrians walking 
right is assumed in the simulation. In Fig.4, we plot the fundamental diagram of the model, i.e., the 
average crowd speed against the density. One can see that at low density range, the curve bends upward 
slightly. With the increase of density, a decrease in average crow speed is observed. In general, the curve 
becomes form slightly bending upward to rapidly bending downward.  
Establishing a reasonable comparison of different pedestrian crowd models is not easy because of their 
great diversity. Fundamental diagrams of traffic flow have largely dominated the representation of 
pedestrian crowd dynamics in both macroscopic and microscopic models (Ballinas-Hernández, 2011). 
Hence, we contrast our cognitive, behavior heuristics model to other pedestrian crowd models at 
fundamental diagram level, as illustrated in Fig.5. It is indicated that the curve is qualitatively consistent 
with the reported results in the cited works at least in the low and intermediate density range. However, at 
high density range, our simulation results are higher than the reported results, and the critical density is 
almost 4.0 N/m2. Such inconsistency is caused by the fact that our model has not consider the effect of 
body collisions, which physical interactions between bodies cause unintentional movement in cases of 
overcrowding condition. 
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Fig. 5. Comparison of models based on the fundamental diagram of flow with our autonomous pedestrian agent. Data 
sets were obtained from the reported results of the cited works(Seyfried, 2006, Yu, 2007;Parisi, 2009), and normalize 
with respect to a uniform scale of reference. 
4. Summary and conclusion 
Understanding individual behavior in microscopic models is a key issue towards a reliable explanation 
of macroscopic complex self-organizing phenomenon. As fast and simple cognitive procedures, behavior 
heuristics are often used to exploit complex evolved capacities in overcrowding condition. In this paper, 
we treat a pedestrian as an autonomous agent that adapts their behavior to choose the comfortable 
walking behavior to the destination. Then, pedestrian vision field is modeled to represent perceptual 
information. With modeling simple behavior heuristics of pedestrian motion, we run simulations to study 
the complex collective dynamics of pedestrian motion. In the simulation, the emergence of complex 
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crowd behavior is reproduced, such as lane formation. Accordingly, we have plotted scatter graph of the 
average crowd speed against the density. Finally, we contrast our behavior heuristic-based model to other 
pedestrian crowd models through establishing a comparison of fundamental diagram. 
The simulation runs of our pedestrian models show that it will be useful to investigate the complex 
collective dynamics of pedestrian motion. However, we recommend that further study be conducted in 
which these findings are validated using field data.          
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